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Abstract 
A water distribution system burst from a pipe rupture results in water loss and disruptions of customer service. Numerous 
methods, including Statistical Process Control, time series modeling, and pattern recognition, have been applied to detect 
bursts. However, system changes its boundary conditions such as the set of operating pumps and valve closures greatly 
complicating the detection problem. Thus, to date applications have been limited to the network supplied by gravity or under 
constant boundary conditions. This study seeks to overcome these limitation using the Kalman filter method to estimate the 
system state and detect bursts. 
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1. Introduction 
While many burst detection methods have been proposed in the last two decades, the Statistical Process Control 
(SPC) method has been most popular (Misiunas et al. 2006; Romano et al. 2010; Palau et al. 2012). The SPC 
method applies statistical theory to the system output parameters to determine whether the nonrandom patterns 
exist. However, conventional SPC methods have a limitation in real-world applications. When the components 
such as pump, tank, and valve change their operation status, most SPC methods cannot be applied due to the 
discontinuous nature of the data series.  
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This study proposes to apply the extended Kalman filter (EKF) for burst detection that can account for system 
boundary changes. The EKF can estimate the system state (demand) and detect bursts and use exogenous variables 
to identify the system state. At each time interval, first zonal demands are estimated then they are disaggregated to 
obtain pipe flow rates at meter locations. The innovation sequence, that is the difference between the actual system 
output and the expected output, is then examined to determine if a burst has occurred. The method is applied to a 
real network with data from a hydraulic model for a range of demand conditions and alternative valve operations. 
Test data sets with and without failures are used to test the method’s utility. 
2. Burst detection using the extended Kalman filter (EKF) 
Model-based approaches have proven useful in anomaly detection in auto-correlated data. These methods 
generally apply conventional anomaly detection method to the residuals between the true value and model 
estimate. The extended Kalman filter (EKF), a model-based approach, consists of the recursive implementation of 
a forecast step and an update step in a way that minimizes a posteriori error covariance and has an advantage in 
embedding the system dynamics in the estimates. Therefore, this study utilizes EKF to estimate demands of a set 
of nodes (nodal group demands) based on measured pipe flows (Kang and Lansey, 2009). Assessing if a burst has 
occurred is completed by testing the innovation sequence which is the residual between measured and estimated 
pipe flow. 
2.1. Extended Kalman filter (EKF) 
The state forecast (a priori state estimate of a nodal group demand) is computed using the state equation. 
 
1k k k k
− +
−= +x A x w , ~ [0, ]k kNw Q          
 
where kA  relates the state at the previous time step k-1 to the state at the current step k; kw is the random variable 
representing the process noise; and kQ is process noise covariance. 
The measurement equation has a nonlinear form and relates a priori state estimate and input variable 
(operational information) to the measurements (pipe flow rates). 
 
( , )k k k kh u
−= +z x v , ~ [0, ]k kNv R          
 
where kz  is measurement matrix; ku  is control input variables; kv  is the random variable representing the 
measurement noise; and kR  is measurement noise covariance. 
Therefore, the updated state estimate (a posteriori state estimate of the demand) is given by: 
 
( )k k k k uk k
+ − −= + −x x K z H x           
 
where ukH  is the Jacobian matrix of partial derivatives of h with respect to x and a unique ukH  is computed for 
each system operational state ( ku ) and kK  is Kalman gain matrix, expressed as: 
 
1( )T Tk k uk uk k uk k
− − −= +K P H H P H R           
 
where k
−P is a priori estimate error covariance and is calculated as: 
 
1
T
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Finally, a posteriori estimate error covariance is calculated as: 
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+ −= −P K H P            
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2.2. Innovation sequence 
The innovation sequence is defined as: 
 
k k uk k
−= −z H xε            
 
Because EKF aims to compute the unbiased minimum-variance estimate of measurement kz  based on 
measurements up to k-1, the innovation sequence is a zero mean and Gaussian white noise sequence with 
covariance equal to: 
 
T
uk k uk k
− +H P H R  
 
The standardized innovation sequence is calculated as: 
 
1/2= ( )Tk uk uk uk k k
− −+H P H Rυ ε  
 
The standardized innovation sequence is used for fault detection and diagnosis (Mehra and Peschon, 1971) by 
examining deviations between observed and estimated conditions.   
3. Study network 
The EKF methods described above is applied to Austin network (Brion and Mays, 1991) with several 
modifications. The altered system consists of 126 nodes, one source, one pumping stations, and 90 pipes. The 
network layout is given in Jung et al. (2013). 
Two data sets were generated from the network’s hydraulic model for testing the EKF method. The first set 
(Dataset 1) considered normal demand fluctuations with no pipe bursts. The coefficient of variance of individual 
nodal demands was 0.1 when generating the independent nodal demands. The second set (Dataset 2) included 
random burst events. Burst with magnitudes between 2 and 8% of the total system demand were simulated at 
random times during the day. In this study, any single standardized innovation that falls outside the 5σ±  limit 
from the zero mean causes an alarm to be issued. 
Eleven group demands (7 residential, 2 industrial, and 2 commercial area) are estimated using measurements 
from 11 flow meters that are polled every 5 minutes (Kang and Lansey, 2009). The estimated group demand is 
disaggregated to nodal demands that are input to the pipe hydraulic model that computes the pipe flow rates at 
meter locations. To represent a system operation change, the valve at pipe 66 is closed at 8:20 am and opened at 
12:30 pm. 
4. Results 
Figure 1 shows the standardized innovation sequence at meter 16 when burst event 3 in Table 1 occurred. While 
the residuals at other meters fluctuated around the zero mean and generally below the ± 3 sigma limits, the 
residual at meter 16 that is located upstream of group 6 differed by 5.23 standard deviations from the mean at the 
time of the burst. The increased flow rate at meter 16 caused the large residual compared to estimated flow rates 
that were obtained from the estimated nodal group demand. 
Five detected burst events are summarized in Table 1. In burst events 2 and 3, the pipe rupture occurred during 
the time of valve closure. The EKF method was able to detect the burst and did not issue a false alarm at the time 
of the operational change. In total for the data sets generated with and without pipe bursts, the EKF detection 
probability was 35% and the rate of false alarm was 9%. Most bursts were detected as soon as a burst occurred 
except burst event 1. The burst event 1 was detected near the time of valve closure, indicating that the state 
changes may help to detect burst. 
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Table 1. Data on five detected burst events. 
 Event # Burst time 
Mean burst magnitude  
(% to total system demand) 
Burst location  
(group) 
Detected or not detected 
Burst event 
1 03:50am 332 GPM (4.4%) 49 (9) Detected by meter 69 at 8:45am 
2 11:15am 569 GPM (7.6%) 87 (9) Detected by meter 69 on burst time 
3 11:10am 411 GPM (5.5%) 65 (6) Detected by meter 16 on burst time 
4 02:25am 197 GPM (2.6%) 40 (7) Detected by meter 51 on burst time 
5 12:30am 267 GPM (3.6%) 42 (7) Detected by meter 51 on burst time 
 
 
Fig. 1. The standardized innovation sequence at meter 16 (burst event #3 in Table 1) 
 
5. Conclusions 
The EKF method is shown to be applicable to detecting bursts when network operational condition changes. 
Additional investigation is needed to improve the model performance and to assess other types of operational 
changes such as tank open/closure and pump operation. Specially, to decrease the rate of false alarms, the 
multivariate SPC method, such as Hotelling T2 method, can be applied to monitor the standardized innovations of 
all meters simultaneously.  
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